Writing is a mental activity or process resulting from the interactions of multiple cognitive subprocesses that a writer implements to generate, express, and refine one's ideas while formulating a text (Berninger, 1994; Flower & Hayes, 1981; Hayes, 2012) . These subprocesses, to a large extent, engage short-term working memory (WM), a temporary information store used in a wide range of cognitive tasks (McCutchen, 2000) .
Research in cognition shows that text production involves at least four essential subprocesses: planning (generating and organizing ideas), translating (a linguistic operation), transcribing (motor execution), and reviewing (reading and revising the text or the plan of the text); Deane, Fowles, Baldwin, & Persky, 2011; Kellogg, 2001) . These subprocesses compete with one another during composition for limited WM capacity, each subprocess plays a critical role, and none could stand alone in the completion of a writing task (Hayes, 2012; Olive, Kellogg, & Piolat, 2008) .
In addition to involving multiple processes, writing is a highly recursive and interleaved activity, with continuing shifts among the different subprocesses as composition proceeds. Acknowledging the temporal nature of the writing process is critical in that, at a given stage of composition, certain activities will dominate at the expense of others (de Larios, Manchón, Murphy, & Marín, 2008; Miller, 2000) . For example, planning tends to decrease while reviewing tends to increase (Kellogg, 2001 (Kellogg, , 2008 . Depending on when a given subprocess occurs, it may have a different purpose and effect. In one study, the authors found that planning that occurs at the beginning of writing is more effective than planning that occurs toward the end (Breetvelt, van den Bergh, & Rijlaarsdam, 1994) .
For a given task, different writers may execute strategies incurring different configurations of the subprocesses. For instance, research has indicated that experienced writers vary in their planning and revision patterns more than unskilled writers. The revision-related activities conducted by the more skilled writers mainly pertain to the meaning of the texts. This kind of revision is also referred to as conceptual revision, and it involves more extensive alteration of the content; in contrast, less skilled writers tend to show more local monitoring behavior, which is mainly characterized by corrections to punctuation, syntax, and spelling (Breetvelt et al., 1994) .
One method for studying writing process is keystroke logging (KL). KL can capture each action and its associated temporal information in a concurrent and unobtrusive way (Leijten & van Waes, 2013) . The following categories of action and temporal information, either alone or in combination, can be obtained from a well-designed KL system: (a) action (type of behavior; e.g., deletion); (b) duration (time elapsed or text length that a given action covers; e.g., burst); (c) location (where in the text a given action occurs; e.g., within word); and (d) time point (when a given action occurs in the writing process; e.g., in the beginning of the composition).
KL can provide information not only about the mechanical process of the text's production, but also potentially about some of the essential underlying cognitive subprocesses cited above, including their distribution. Those subprocesses and their distribution can be evidenced by the action and temporal patterns extracted from KL.
Because these subprocesses compete for limited resources from WM, a writer must be able to effectively manage such subprocesses both globally and locally. Previous research has indicated that this management may partially explain the quality of the writing product, although the relationship may be task or writing-purpose specific (e.g., Breetvelt et al., 1994; Deane et al., 2011; Ruth & Murphy, 1988) .
In addition to effectively managing subprocesses, a sufficient level of fluency in text generation is critical. In fact, managing subprocesses may be facilitated by high levels of fluency. In her review of the relationship between writing processes and working memory, McCutchen (2000) found that linguistic fluency can help reduce short-term WM load and allow the writer to more easily retrieve resources from long-term memory, leading to a higher quality final product. McCutchen's conclusions have been echoed by other researchers, who have suggested that without a certain level of fluency in lexical generation, writers cannot move beyond the constraints imposed by short-term WM (e.g., Deane, 2014; Xu & Ding, 2014) . In a study of middle school students, Deane and Zhang (2015) also found that burst length, an indicator of fluency, has a strong association with essay quality.
In the current investigation, we used KL to explore the relationships among various process features, including indicators of fluency, and the association of those features with the quality of the writing product. The study employed larger participant sample sizes than typically used in KL writing research, involved a set of process features that was more extensive than previously reported in empirical studies, and investigated the extent to which those features had incremental value over automatically generated product features.
Research Questions
In this study, we investigated three research questions. The questions and their justifications are given below.
• Research Question (RQ) 1. Do the relationships among process features have a theoretically meaningful factor structure? If so, what is that structure? The interpretation and potential use of the KL process features would be more strongly justified if the empirical relations among those features can be interpreted in accordance with writing theory.
• RQ 2. Are the aggregations of the process features resulting from the factor analysis in RQ 1 related to the human ratings of text production skills in theoretically explainable ways, and if so, which factors have the strongest relations? Investigation of these relationships may help to elucidate the role of more general processes (e.g., planning) in affecting the quality of the final text.
• RQ 3. Do the most important process factors identified in RQ 2 account for variance in the human ratings of text production skills beyond that explained by features automatically derived from the final product? Human raters make their judgments based on the final product without knowledge of the processes leading to it. KL process features will be uniquely reflected in those ratings only to the extent that the writing processes affect the quality of the final text in ways that the product features do not capture. Put another way, if those KL factors do account for additional variance, it would suggest that these factors measure aspects of the human judgments of text quality not tapped by the automatically extracted product features.
Method Participants
Data were collected from a multistate sample of sixth-to eighth-grade students who were part of a larger pilot test of a CBAL ™ writing assessment in 2013. Schools were recruited for participation on a voluntary basis. Of 1,105 students who took the assessment form used in this study, 34.6% were female, 35.6% were male, and 29.8% did not provide that information. In terms of grade level, 7.9% were sixth graders, 50.8% were seventh graders, 11.6% were eighth graders, and the rest (29.8%) did not provide grade information. The majority of students (∼58%) were English native speakers (or fluent in English upon school entry), roughly 4% were former or current English-language learners, and nearly 38% did not give relevant information. Finally, 47.9% indicated that their race/ethnicity was Caucasian; 15.9% Hispanic; 6.4% Native American, Asian, African American, Hawaiian/Pacific Islander, or mixed race; and 29.8% did not report this information. Of the 1,105 participants, 831 provided data suitable for this study's analyses. The demographic distribution of the final data set was comparable to that described above. The reasons for exclusion are described in the data analyses section below.
Instrument
Test takers took the CBAL Generous Gift assessment form. They were asked to evaluate two proposals on how to spend a large sum of money provided by a generous donor to a school and to use explicit criteria in writing an essay recommending one proposal over another. The writing purpose of the culminating essay task is best described as policy recommendation.
By design, the essay task was given at the end of the assessment. This design allows test takers to gain a sufficient level of familiarity with the topic from a series of lead-in tasks. Each test taker was given 45 minutes to complete the essay task, which is the focus of this study.
All essays were scored by at least two human raters on a rubric evaluating basic text quality. A rater provides a score on a scale ranging from integer 0 to 5 or assigns a condition code of 9 for a blank response (see the Appendix for the scoring rubric). During scoring, if the two raters disagreed by more than two points, a third rater was asked to adjudicate. The interrater agreement between the first and second raters was .63 for quadratically weighted kappa, .67 for Pearson correlation coefficient, 51% for exact percentage agreement, and 97% for one-point adjacent percentage agreement. This interrater agreement was deemed adequate for the purpose of the current analyses. In CBAL writing assessment, raters use a second rubric to evaluate higher-level writing skills such as quality of ideas and argumentation. In this study, we were only concerned with the scoring rubric related to writing fundamentals and not with this second rubric.
Process and Product Features
Keystroke logs on the essay task for all 1,105 students were collected. Twenty-nine KL process features were extracted using the KL engine developed at Educational Testing Service (ETS).
Some of the extracted features are intended as indicators of fluency. These features are primarily based on pause patterns (or conversely, a burst of text production). Examples include the median value of the longest within-word pause time across all words, indicating the extent to which there is a clear hesitation (or lack of burst); the median value of the interkey interval pause time between the first and second characters in a word across all words, implicating an overall word-level keyboarding fluency; and the median value of between-word pause time across all pairs of words, suggesting general typing fluency.
Some other KL process features measure the extent of editing and revision. These features include the proportion of corrected or uncorrected typos over the total number of words and the proportion of the total time on task spent on multiword deletion. Still other KL process features intend to provide measures of the extent of planning and deliberation. Examples include the proportion of time spent at the start of phrasal bursts and the median value of pause length across all sentences junctures. Each of these measures might indicate the time devoted to planning and deliberation in between bursts and sentences, respectively. Table 1 shows the KL process features analyzed in this study.
The product features on all submitted essays were obtained using the e-rater ® automated scoring system developed at ETS (ETS, 2014) . Ten product features that measure vocabulary complexity, essay organization, accuracy of grammar and mechanics, and style in terms of sentence variety and word use were extracted for each response. The e-rater product features are listed in Table 2 .
Data Analyses
Before conducting analyses, several steps were taken to ensure the quality of the process and product data. First, there were 114 KLs where it appeared that the test takers had closed and reopened the browser while taking the test, resulting Extent to which pauses occur just before typing the last character in a word, a measure of general typing fluency WordInitialPause Extent to which pauses occur just after typing the first character in a word, which could reflect on the one hand, general typing fluency, or on the other hand, deliberation for word choice, retrieving spelling, or planning keystroke sequences for a word WordInternalPause Extent to which pauses occur within words during text production WordSpacePause Extent to which pauses occur in between words, suggesting general typing fluency in a partial loss of data. Those responses were excluded from the final data set. Second, we excluded 70 responses that received human ratings of 0 or 9, because such a rating indicates some kind of aberrancy such as a non-English, random keystroke, or empty response. Third, a very short KL, or an essay composed within an extremely short time, contains limited information, and the process features extracted from the log are unlikely to be reliable measurements of the writing process. Hence, we eliminated a small number of essays with fewer than 25 words and/or two sentences and essays where the total time on task was less than 3 minutes. Fourth, in some cases, the ratio of number of words to time on task suggested that the entire response was pasted in with very little time spent on its composition; those responses were excluded as well. Finally, we excluded responses that were flagged by e-rater as problematic in terms of being off-topic, having unrecognizable organization, or having an excessive number of mechanical errors. All results reported are based on the final cleaned data set containing essay responses by 831 test takers. We randomly divided the sample into two sets: one with 500 essays (Sample A) and the other with 331 essays (Sample B). Sample A was used to investigate all research questions, and Sample B was saved for cross-validation.
To address RQ 1, we first ran a principal factor analysis on all 29 writing process features using Sample A, retaining factors with eigenvalues greater than 1. We rotated the factors using promax oblique rotation and examined the rotated factor pattern and scree plot. This analysis, along with substantive analysis of the factor pattern, suggested a further reduction in the number of dimensions. Loadings of greater than .30 were identified and used in the interpretation of the resulting factors.
To address RQ 2, we first computed KL factor scores for all responses from Sample A. Using multiple linear regression, we regressed the adjudicated human scores on the factor scores and examined the significance of each factor in explaining the reliable variance in human ratings. 1 For subsequent analysis in RQ 3, we listed the factors in descending order based on their significance levels and relative weights in the regression model.
To address RQ 3, we ran a hierarchical multiple regression by first entering the e-rater product features as a block and then each of the four factors sequentially in steps based on the ordering resulting from RQ 2. We then examined whether the adjusted R-squared value was significantly increased in each step.
We conducted cross-validation on Sample B. We first computed the factor scores for all the essays in Sample B using the coefficients resulting from the factor analyses in Sample A. We then replicated the multiple linear regression and hierarchical regression in Sample B to see whether the same set of factors significantly contributed to the reliable variance in human ratings and to determine whether the incremental value was the same as identified in Sample A. Table 3 shows the summary statistics for the KL process features, the e-rater product features, and the human ratings for Sample A and Sample B. As can be seen, the samples appear quite comparable. The test takers' text-production skills, as evidenced by the human-rating distributions, are almost identical across samples (Sample A: Mean = 2.51, SD = 0.83; Sample B: Mean = 2.50, SD = 0.79). The writing process feature distributions and text characteristics of the final product are also similar between samples. It is noteworthy that a few KL process features, particularly the ones related to wordand chunk-level editing behavior, have means and standard deviations of nearly zero. This result indicates that, in general, the number of occurrences was very low, or the duration of the actions was short. The most extreme examples include the proportion of major edits, proportion of retyped chunks, proportion of typo-corrected chunks, proportion of new content chunks, and proportion of multiword deletions.
Results

Results for RQ 1
In the first research question, we ask whether the relationships among KL process features have a theoretically meaningful factor structure and, if so, what that structure would be. Nine factors were retained based on the eigenvalue criterion of 1.0. Substantive analyses of the rotated factor pattern, along with visual analyses of the scree plot (Figure 1 ), suggested that a four-factor structure would provide a more theoretically meaningful and parsimonious solution. 2 A second principal factor analysis was therefore conducted, specifying the number of factors to be four. This four-factor structure can be interpreted in the following way. Factor 1 is dominated by features measuring general fluency in text production (Table 4) . For example, the two features that loaded most highly on this factor were the median pause time between keystrokes (.927) and the median maximum pause time within words (.919). Factor 2 is dominated by features measuring the extent of phrasal and chunk-level editing. The two features that loaded most highly on this factor were the proportion of characters that were deleted as part of multiword deletions (.876) and the proportion of multiword deletions (.846). Factor 3 is dominated by features reflecting local editing processes, involving mainly spelling error correction. Here, the proportion of minor edits (.888) and the proportion of corrected typos (.814) had the highest loadings. Finally, Factor 4 is dominated by features suggesting the extent of planning and deliberation during the writing process. The proportion of time spent before phrasal bursts (.733) and between phrasal bursts (.664) loaded the highest on this factor. The correlations among the four factors are presented in Table 5 . As the table shows, the factors are only weakly related to one another, suggesting that the factors provide largely unique information.
Results for RQ 2
In RQ 2, we address to what extent the aggregation of the process features relates to the quality of the final text as evaluated by human raters. The regression was statistically significant (p < .0001) with a model R-squared value of .19. Table 6 shows the results from regressing human ratings of text production skills on the factor scores coming from the analyses conducted in RQ 1. Factor 1 (general fluency) was the most statistically significant factor (p < .0001) and explains the overwhelming majority of the reliable variance in human ratings of text quality (68%). The direction of the parameter estimate is also consistent with the theoretical proposition underlying how the features are computed. That is, the more disrupted the writing is, the lower the human score tends to be on the text-production-skills rubric. Factor 4 (planning and deliberation) was also statistically significant, accounting for nearly 20% of the reliable variance in human ratings. Here again, the direction of the parameter estimate fits with expectation in that less planning and deliberation led to generally lower human scores. In contrast, Factor 2 (phrasal/chunk-level editing) and Factor 3 (local word-level editing) exhibit limited and nonsignificant contributions to explaining the reliable variance in the human ratings.
For cross-validation, we used the coefficients resulting from the four-factor solution in Sample A to compute the factor scores for Sample B. Human ratings of text quality from Sample B were then regressed on these factor scores. The model was again statistically significant (p < .0001) with a similar R-squared value of .21.
Regression results showed the same pattern as for Sample A; that is, Factor 1 and Factor 4 were both statistically significant predictors (Table 7) . Moreover, the distribution of variance accounted for by those two factors in cross-validation was almost exactly the same as in Sample A. Similarly, the two editing-related factors (Factor 2 and Factor 3) were not statistically significant, accounting for limited reliable variance in human ratings.
Results for RQ 3
In RQ 3, we investigate whether the most important KL process factors based on RQ 2 accounted for variance in the human ratings of text production skills beyond that explained by product features. We ran a hierarchical regression by first regressing the human ratings on the product features only and then entered Factor 1, Factor 4, Factor 2, and in sequential steps based on the ordering of predicting the reliable variance in human ratings (RQ 2). We next conducted significance test on the incremental value of the adjusted R-squared at each step. The process was implemented in Sample A and then replicated in Sample B. Table 8 provides the R-squared and adjusted R-squared values resulting from each step. As the table shows, there is a statistically significant, but small, improvement in adjusted R-squared (from .709 to .714) by adding Factor 1 (writing fluency) to the product features, F(1, 500) = 7.84, p < .001. None of the other factors had statistically significant incremental value. On cross-validation, none of the factors added incrementally to the product features at statistically significant levels.
Discussion
In this study, we investigated the factor structure of KL writing process features and the association of that latent structure with the quality of the final text. The extent to which those process factors had incremental value over product features Note: F1 = Factor 1; F2 = Factor 2; F3 = Factor 3; F4 = Factor 4. Product feature set is given in Table 2 . Boldface indicates statistically significant incremental value at p < .01 from the previous step.
was also examined. Among other things, the sizes of the examinee sample of more than 800 middle school students, and of the set of 29 KL process features, exceed those previously reported in KL writing research (e.g., Chukharev-Hudilainen, 2014; de Larios et al., 2008; Miller, 2000) . Factor analysis results produced a theoretically interpretable structure, with the overwhelming majority of the process features (21 of 29) loading noticeably on only a single factor. Four factors were identified that represent the extent of writing fluency, local word-level editing, phrasal/chunk-level editing, and planning and deliberation during writing.
The four factors in combination accounted for limited variance in human scores. This finding is not surprising, given that human scores are based on evaluation of the writing product. Human raters have no knowledge of the process leading to the essay other than what they can glean from the quality of the final text. Nonetheless, two of the four factors-writing fluency, and planning and deliberation-significantly related to the quality of the final text. This result was replicated across two independent samples.
The last study finding was that the KL fluency factor added incrementally, but only marginally in one sample-and not at all in the second sample-to the prediction of human ratings of text production skills beyond automatically extracted product features. Of note is that the product features concentrate on writing basics (e.g., grammar, mechanics, vocabulary sophistication) that are well aligned with the human scoring rubric. As such, it is not surprising that the KL process features did not have incremental value over the product features in predicting the human ratings on this basic text-quality rubric.
Because of their substantive focus, these product features might not be expected to be as successful in predicting human ratings of higher-level text characteristics (e.g., the quality of ideas, strength of argument, and factual accuracy). For ratings of higher-level characteristics, it is possible that KL process features, especially the ones related to planning and deliberation, and to phrasal/chunk-level editing, might add predictive value beyond the product features.
This study had several limitations. First, the sample was a voluntary one, and as such results are best generalized to students with similar characteristics. Second, students took the test under low-stakes conditions, which might have affected motivation to revise. For example, there were very few instances of certain types of editing behavior as measured by the KL features. This low level of some types of editing behavior, in turn, might have affected the results (e.g., limiting the predictive value of editing-related factors). Finally, the data were collected from a single essay-writing session, which encourages a first-draft response offering limited opportunity for editing and revising.
As for future studies of the use of KL in writing assessment, our first recommendation is to replicate the findings with more tasks administered to similar and different examinee populations. That replication might employ alternative data reduction techniques, such confirmatory factor analysis, or other methods for aggregating features in theoretically meaningful and practically useful ways. A second recommendation is to investigate the functioning of the KL features (as individual features or in combination) across different demographic groups, such as English-language learners versus non-English-language learners. A third recommendation is to study the association between KL features and text quality at different stages of the writing process. Additionally, it is worth exploring whether and how the information collected from the writing process, in conjunction with automatically extracted product characteristics, can be used to assist teaching and learning in the classroom. For example, a lack of editing behavior, in combination with a disjointed text, could prompt the teacher to focus attention on editing strategies. Such a richer writing profile generated from both process and product information also has potential to better track and represent student growth. OMIT (9): Blank.
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